Introduction
Soybean rust, caused by the fungus Phakopsora pachyrhizi, is an exceptional model for studying the influence of initial focus size on the continental spread of disease caused by an air-borne pathogen (Li et al. 2010) . Introduced to the US in late 2004 (Schneider et al. 2005) , soybean rust overwinters in a restricted area along the Gulf Coast, primarily on kudzu (Pueraria montana var. lobata), owing to sensitivity of hosts to low temperatures. Epidemics expand rapidly from late July/early August through the late fall (Christiano and Scherm 2007; Isard et al. 2011) , resulting in continental-scale spread of the disease that can be studied anew each year. Both the extent of overwintering and the final extent of subsequent epidemic spread have varied considerably each year from initial introduction until present (http://sbr. ipmpipe.org/cgi-bin/sbr/public.cgi). An extensive monitoring program (see section ''Methods'') provides data on the extent of disease spread throughout the year. A key missing component, however, is the ability to predict the annual extent of spread from overwintering areas (Pivonia et al. 2005; Christiano and Scherm 2007) .
A range of biological invasions, including epidemics, have been successfully described as travelling waves with constant velocity determined by the invader's reproductive capacity and its exponentially bounded dispersal kernel (e.g., Lambin et al. 1998; Bjornstad et al. 2002; Cummings et al. 2004; Grenfell et al. 2001; Johnson et al. 2006) . By contrast, organisms exhibiting substantial long distance dispersal (LDD) are better described by the power law and related ''fat-tailed'' dispersal kernels, which are not exponentially bounded and result in accelerating invasion fronts (Ferrandino 1993; Kot et al. 1996; Clark et al. 2001; Hastings et al. 2005) . Recent work has shown that a range of plant and animal pathogens demonstrating LDD have epidemic velocities that increase exponentially in time and linearly with distance (Mundt et al. 2009a, b) . Because of the scale-invariant nature of the power law (Gisiger 2001) , patterns of disease spread might be expected to repeat at different spatial scales for LDD pathogens. Indeed, a simple model of accelerating epidemic spread held over approximately six orders of spatial magnitude, from experimental field plots to continents (Mundt et al. 2009a, b) .
Expansion of the epidemic front is independent of the size of the initial disease focus for travelling wave epidemics driven by exponentially bounded dispersal kernels (Mollison 1977; Madden et al. 2007) . By contrast, movement of epidemic fronts for accelerating epidemics driven by power law dispersal typical of pathogens with LDD are multiplicatively related to the size of the initial focus (Madden et al. 2007; Mundt et al. 2009a, b) . The size of the initial outbreak would therefore be strongly related to the final epidemic extent for epidemics caused by LDD pathogens. Studies of accelerating epidemics of a windborne plant pathogen show that the extent of disease spread increased with size of the initial focus in experimental plots (Mundt et al. 2011) and that these epidemics can scale to the size of the initial focus (Mundt et al. 2009a; Mundt and Sackett 2012) . It is important to know if this effect of initial focus size holds at larger spatial scales and can be detected in natural epidemics, where environmental variables cannot be controlled through replication and randomization.
Identifying the key determinants of disease spread is crucial to the science of invasion biology and to managing invasive epidemics (Gewin 2004; Smith 2006; Riley 2007) . Life history, environment, and spatial variation all have potential to influence the spread of biological invasions (Clark et al. 2001; Hastings et al. 2005) . The goal of our research was to use soybean rust as a model to determine if one such epidemic variable, size of the initial disease focus, is positively related to the final extent of continental disease spread caused by a LDD pathogen. To do so, we determined the relationship between the area of soybean rust over time and the final extent of disease spread in the US and Canada each year from 2005 through 2011.
Methods

Data source
Data used for studying disease spread were obtained from the publically available website (http://sbr. ipmpipe.org/cgi-bin/sbr/public.cgi) of the USDA IPM PIPE (Integrated Pest Management Pest Information Platform for Extension and Education) program, which has been described by Isard et al. ( , 2011 and is the most extensive data set available for spread of any plant disease (Sutrave et al. 2012) . Data in the IPM PIPE derive from an extensive monitoring program designed to forewarn soybean growers of soybean rust spread. An important part of the system involves a network of sentinel soybean (Glycine max) plots that are monitored on a weekly to biweekly basis. Additional observations are derived from monitoring volunteer crop plants, naturally-occurring kudzu patches, less prevalent additional hosts (e.g., coral bean, jicama, Florida beggarweed), and commercial crop fields planted during the growing season. The system also records ad hoc positive detections uncovered by university personnel, farmers, and commercial crop consultants. Data are recorded for all hosts, which is mostly kudzu early in the season, with an increasing number of crop infections (almost entirely soybeans) as the season progresses.
In the IPM PIPE, soybean rust detections are available at the county level in the US and Canada beginning in 2005, with monitoring in counties where soybean rust is likely to be present. We were unable to use detections in Mexico for our comparisons because reporting did not begin until 2007, but this is unlikely to have a large impact on the analyses (see section ''Discussion''). The maps display each county and are color-coded into one of four categories: (1) not recently monitored; (2) recently monitored but no rust found; (3) rust found anywhere in the county on any host; and (4) rust not detectable but was found in a previous scouting. Categorization of infection status of a county begins anew each calendar year.
Disease spread was studied using the weekly maps shown in the ''Observation Animations'' of the IPM PIPE website (http://www.ceal.psu.edu/ sbrcomparisons.htm). We constructed maps to calculate the cumulative extent of epidemic spread based on counties where soybean rust was detected on any host species on any date from 6 April to 28 December. Maps (http://sbr.ipmpipe.org/cgi-bin/sbr/public.cgi) were downloaded for weekly images dating from 6 April to 28 December of each year. To construct isopleths of positive detections, counties at the leading edge of the epidemic each week were connected with a straight line if the resulting angle was convex (Fig. 1) . Photoshop 7.0 (Adobe, San Jose, CA) was then used to fill the land area encompassed by the isopleths and the resulting maps were converted to jpeg files. WinCam 2000 (Regent Instruments, Inc., Quebec, Canada) was used to digitize the filled portions to provide relative areas of rust infection and to convert the number of pixels to square kilometers by calibrating the digitized map with geographic units of known size.
Data analyses
The final epidemic areas for the 7 years (calculated for 28 December) were regressed against weekly epidemic areas calculated for each week of each year from 6 April to 28 December using Excel (Microsoft, Redmond WA). Thus, 39 regressions with six data points each were conducted, one for each week of the calendar from 6 April to 28 December. Coefficients of determination for each weekly regression were plotted versus weeks as an indication of temporal changes in the relationship between final epidemic extent over the 6 years and weekly epidemic area over the 7 years.
Results
There was considerable variation in the final extent of epidemic spread among years (Figs. 1, 2a) , with a 7.4-fold range of final epidemic extent from the year of least disease spread to that of the most. Current and final epidemic extent became strongly associated early during the course of the epidemics. During April and May, regressions of final on current epidemic showed only moderate association, with coefficients of determination ranging from 0.44 to 0.62 and significance of slopes from 0.036 to 0.10 ( Fig. 2a and data not shown). There was an increase in the strength of the association in mid-June, with coefficients of determination rising to 0.70 or higher from 8 June through the remainder of the year (Fig. 2a and data not shown). This trend is supported by maps (Fig. 1) , which show that years with the greatest final epidemic extent also had the most extensive spread along the Gulf Coast in June and July. Coefficients of determination for the regressions during the period of major epidemic expansion (August-October) ranged from 0.70 to 0.95, and then approached 1.0 monotonically during the remainder of the year (Fig. 2a) . The weekly epidemic areas ranked very similarly to the final epidemic areas from 8 June onwards Fig. 3 and data not shown). We failed to detect evidence that number of observations was a significant influence on observed epidemic area. Regression showed a weak (r 2 = 0.36) and non-significant (P = 0.14) association between number of observations per year versus final epidemic extent among years (Table 1) .
Discussion
Most epidemic invasions provide only a single opportunity to follow spread from the point of initial introduction. In contrast, the obligate parasitism of soybean rust and the temperature sensitivity of its hosts provided an opportunity to study spatial spread of the same disease over similar territory for 7 years. Our study also benefitted from a relatively wide range of initial and final epidemic areas among years. Our analyses show a strong association between current and final epidemic spread beginning prior to the time of rapid epidemic expansion. This association accounted for a strong majority of the variation in final epidemic extent among years, suggesting that size of initial epidemic area on disease caused by LDD pathogens is a crucial variable determining the extent of subsequent spread of an LDD pathogen. Mathematical approaches also support a strong effect of initial epidemic area on subsequent disease spread. Xu and Ridout (1998) reported that the amount and spatial pattern of initial disease were often the dominant influences in a stochastic, spatiotemporal model of disease spread that assumes a half-Cauchy dispersal kernel, which is a fat-tailed distribution related to that of the power law. A simple analytic model described spread of various plant and animal pathogens with LDD over a 6-fold range of spatial scale, from experimental field plots to intercontinental spread (Mundt et al. 2009a, b) . This result demonstrates a direct association between current and future spread that dominates over other influences. In this model, the temporal rate of disease increase contributes to the expansion from the outbreak focus in the first generation of disease spread and establishes a y-intercept, but subsequent spread is governed only by slope of the dispersal kernel and time. Finally, use of a compartmentalized, spatially explicit simulation model and preliminary field results with wheat stripe rust showed that the degree of host susceptibility at the initial focus has a stronger effect on subsequent disease spread than does the degree of host susceptibility in the remainder of the host population (unpublished). Current epidemic area must eventually become highly correlated with final epidemic area, of course, and the coefficient of determination for the regressions we conducted must become 1.0 by the final observation. Of more significance is the time at which current and final epidemic areas become highly associated. In our study, the coefficients of determination remained at or above 0.70 beginning 8 June, 6 weeks prior to the time when the epidemics began rapid expansion (Fig. 2b) . Epidemic area averaged over the 7 years increased 12.5-fold during that time. This result suggests that the course of the epidemic is established early and that initial epidemic area may be the most important driver for the subsequent expansion of the epidemic front.
Atmospheric trajectory models also have been used to study soybean rust epidemiology in North America, providing the opportunity to predict the probability of disease spread between very specific source and receptor regions, using weather events on a small time scale (e.g., Isard et al. 2007 Isard et al. , 2011 . This approach can help to identify regions that may be of greater importance as sources of disease spread, and regions that might be more prone to infection from spores dispersed from another region. By contrast, our approach can only identify a generalized epidemic front, and cannot predict the importance of individual counties or regions as spore sources or the infection status of individual counties within the epidemic region. Atmospheric trajectory models require substantially greater input data and computational resources, however.
We evaluated expansion of the epidemic front based on presence/absence data, as this was the form in which soybean rust data were available. This is a very common approach in studying the spatial spread of disease (e.g., Mundt et al. 2009b; Heesterbeek and Zadoks 1987; Singh et al. 2008; Frick et al. 2010) . Our analyses also could have been based on the cumulative number of infected counties over time, as was done for spatial and temporal analysis of the first 2 years of soybean rust spread in the US (e.g., Christiano and Scherm 2007) , or by the total area of those counties. However, this would have complicated interpretation of data substantially because the density of sampling points and frequency of observations differed among years (Table 1 ) and among states.
Epidemiological models of plant disease have tended to concentrate on effects of weather variables, including models for soybean rust (Yang et al. 1991; Isard et al. 2007 Isard et al. , 2011 Del Ponte and Esker 2008) . Though our approach provided reasonably accurate predictions without accounting for weather variables, local increase of disease caused by pathogens with power law or related dispersal kernels can be highly independent from the long-distance phase of the epidemic (Filipe and Mauleb 2004; Mundt 2009 ). Thus, weather during the course of an epidemic could be a highly important determinant of local disease intensification during the season, and crucial to making local management decisions such as timing of fungicide application. For example, models including only rain variables explained between 86 and 92 % of the variation in final, local levels of soybean rust for 34 field experiments in Brazil (Del Ponte et al. 2006) . There are many potential problems in retrospective analyses of disease spread since variables impacting epidemic spread could potentially be correlated with time. For example, improved knowledge may result in increased efficiency and more extensive use of control practices, potentially reducing epidemic expansion. On the other hand, if rust detections had increased in proportion to increased monitoring and/or knowledge of the disease, and control practices remained fairly constant, one would expect a trend towards increasing epidemic area over time. In the data set we utilized, years with the three smallest extents of spread were the first and last 2 years (2005 and 2010/2011), and we also found a non-significant relationship between total number of observations (Table 1 ) and final epidemic extent. A recent study has provided an in-depth evaluation of sample number on error rate in the soybean rust IPM PIPE system using data from the sentinel plot system in years (Sutrave et al. 2012 . That study emphasized error rates for failing to identify sites with positive detections. In conducting a randomization analysis of the effect of number of counties with sentinel plots, they calculated a median error rate of about 2.5 % for a sample size of 500 total number of counties with sentinel plots in the US (see Fig. 4 of Sutrave et al. 2012) , which is the average number sentinel plot counties in [2005] [2006] [2007] [2008] , but only about one-fourth the total number of observation locations (sentinel observations plus others) during that time period (Table 1) . A sample size of 500 is almost identical to the 537 total observation locations reported in the year of the fewest observations (2011 ,  Table 1 ), suggesting a very low error rate even for the years of lowest numbers of observations. We also examined error rates of Sutrave et al. (2012) under the highly conservative assumption that non-sentinel observations made no contributions to reducing error beyond that provided by the sentinel sites. Under this worst-case scenario, one can examine the error in Fig. 4 of Sutrave et al. (2012) for a reduction to 25 % in the number of locations to give a median error rate of about 12 %, which is still relatively low and unlikely to explain a significant proportion of the difference in epidemic extent among years. If ''other'' locations contributed one-fourth or one half of the value of data from sentinel locations, the corresponding median error rates would be about 8 and 6 %, respectively. Perhaps more importantly, any significant spread of soybean rust not detected in formal IPM PIPE activities would have been noticed and reported in the course of on-going activities by the hundreds or even thousands of farmers, university personnel, and commercial crop consultants working in soybean fields in North America. For example, commercial crop consultants typically visit fields weekly, providing substantial opportunities to detect the occurrence of soybean rust.
The inability to include soybean rust detections in Mexico likely had little impact on our analyses, for several reasons. First, low host density and the relatively arid environment north of the Mexican detections makes it likely that active sites from the US Gulf Coast had a much larger contribution to the northward movement of the epidemics. Second, based on positive detection sites and the predominant wind patterns, rust from Mexico would be prone to disperse primarily over the Gulf of Mexico rather than directly north. Finally, there were many less detections in Mexico than in the US There were detections in 138, 231, 335, 392, 576, 40, and 22 US countries in 2005-2011 , respectively, plus one Canadian county in 2007. In contrast, the numbers of Mexican municipalities with detections were only 3, 14, 9, 14, and 7 in 2007-2011, respectively (http://sbr.ipmpipe.org/cgi-bin/ sbr/public.cgi).
Our analyses of soybean rust suggest that the direct relationship between size of initial disease focus and subsequent disease spread found at small spatial scale in experimental plots (Mundt et al. 2009a; Mundt and Sackett 2012 ) also may hold for LDD pathogens at the continental scale. Thus, our work supports the common-sense expectation that reducing the size of initial disease outbreaks and controlling an invasive epidemic very soon after initial introduction are crucial to limiting subsequent disease spread.
